Abstract Understanding the movement of animals is fundamental to population and community ecology. Historically, it has been difficult to quantify movement patterns of most fishes, but technological advances in acoustic telemetry have increased our abilities to monitor their movement. In this study, we combined small-scale active acoustic tracking with large-scale passive acoustic monitoring to develop an empirical movement model for sixgill sharks in Puget Sound, WA, USA. We began by testing whether a correlated random walk model described the daily movement of sixgills; however, the model failed to capture home-ranging behavior. We added this behavior and used the resultant model (a biased random walk model) to determine whether daily movement patterns are able to explain large-scale seasonal movement. The daily model did not explain the larger-scale patterns of movement observed in the passive monitoring data. In order to create the large-scale patterns, sixgills must have performed behaviors (large, fast directed movements) that were unobserved during small-scale active tracking. In addition, seasonal shifts in location were not captured by the daily model. We added these 'unobserved' behaviors to the model and were able to capture large-scale seasonal movement of sixgill sharks over 150 days. The development of empirical models of movement allows researchers to develop hypotheses and test mechanisms responsible for a species movement behavior and spatial distribution. This knowledge will increase our ability to successfully manage species of concern [Current Zoology 58 (1): [103][104][105][106][107][108][109][110][111][112][113][114][115] 2012].
The movement of animals is a prominent behavioral activity that has interested ecologists for decades (Roberts, 1942; Stickel and Cope, 1947; Hamerstrom Jr and Hamerstrom, 1949) . Movement often occurs in response to short-term needs related to the availability of prey (Andrews et al., 2009) , predation risk (Rettie and Messier, 2001) , reproductive opportunities (Warner, 1995) or environmental conditions . Because of these relationships between movement and the ecology of populations or communities, movement is fundamental to a number of contemporary conservation problems Schick et al., 2008) . As examples, 1) corridors are commonly used to link fragments of terrestrial habitat, and the effectiveness of corridor design depends critically on the movement behavior of target species (Chetkiewicz et al., 2006) ; 2) the success of no-take Marine Protected Areas depends on knowledge of fish movement within home ranges (Moffitt et al., 2009) ; and 3) for many species, the ability of species to persist in the face of global climate change depends fundamentally on their ability to find and relocate to suitable habitats (Hulme, 2005) .
Historically, practical limitations in measuring movement resulted in a bias towards small-scale studies on easily observable species or population-level models of dispersal (Morales and Ellner, 2002) . However, advances in telemetric transmitters, receivers, and data loggers have now made studying movement practical for a number of taxa (Cooke et al., 2004) , leading to a substantial increase in effort devoted to movement ecology . Even so, marine species arguably present one of the more exigent situations for empirical studies of movement behavior (Fedak et al., 2002) . Such species may be distant from shore, can range over large spatial scales, and spend all (or most) of their time submerged, resulting in a relative lag in understanding the movement ecology of marine taxa compared to terrestrial species. Despite the challenges of working with marine species, understanding where animals go and why they go there is critical for conservation and management of ocean ecosystems. In this paper, we tackle this challenge in bluntnose sixgill sharks Hexanchus griseus.
Of particular interest are those large fishes that are vulnerable to human activities (i.e., fishing) or that exert a large influence on community structure. Sharks, for instance, are often apex consumers (Cortes, 1999) , and can be ecologically important members of marine communities (Stevens et al., 2000 ; but see Kitchell et al., 2002) . Additionally, owing to their low reproductive rates, many species are extremely vulnerable to exploitation (Stevens et al., 2000) . Indeed, of the ca. 500 known shark species, IUCN lists 201 species as in danger, ranging from "critically endangered" to "near threatened."
Clearly, understanding patterns of movement can assist in recovery efforts as managers seek to protect shark species and the ecosystems they inhabit, and advances in acoustic telemetry have led to a number of investigations of shark movements (Heithaus et al., 2006; Andrews et al., 2007; Carlson et al., 2008; Andrews et al., 2009; Papastamatiou et al., 2009) . Limited movement has been observed in a number of shark species (Morrissey and Gruber, 1993; Holland et al., 1999; Heupel et al., 2004) , and thus points to the importance of local-scale efforts to preserve or restore habitat (Heithaus et al., 2007) , reduce pollution (Mearns et al., 2007) , and decrease fishing mortality (Stevens et al., 2000) . The growing literature on shark movement ecology has also revealed the presence of ontogenetic (Heupel et al., 2004) , habitat (Papastamatiou et al., 2009) or seasonal shifts in movement behavior. It is thus crucial that conservation planning consider movement at both large and small spatial and temporal scales; however, such studies are extremely rare (Papastamatiou et al., 2009) .
We conducted a multi-scale field study of movement of bluntnose sixgill sharks in Puget Sound, Washington, USA with the aim of developing an empirically-based model of movement. Sixgill sharks are apex predators (Cortes, 1999) found in temperate and tropical seas worldwide. Though adults typically are found in deep water along the continental shelf and upper slope (Ebert, 1986; 2003) , pre-reproductive individuals may frequent nearshore waters (Ebert, 2002; Dunbrack and Zielinski, 2003; Williams et al., 2010) . Sixgill sharks are ovoviviparous with litters ranging between 22-108 pups (Ebert, 1986) . Sixgills feed on a wide variety of food including other sharks, rays, herring, hake, mackerel, halibut, marine mammals, and whale carrion (Ebert, 1994 (Ebert, , 2003 . Sixgills are unable to sustain intensive, targeted fisheries for long periods, and are thus vulnerable to overfishing (Cook and Compagno, 2005) . World-wide, IUCN considers sixgill sharks to be "near threatened", and they note that populations in the Northeast Pacific Ocean are severely depleted (Cook and Compagno, 2005) . In Puget Sound, in 2000, an apparent increase in recreational fishing targeting sixgills resulted in a complete moratorium on retention of the sharks by anglers.
In this study, we used a large, integrated array of passive acoustic receivers in concert with active tracking to develop an empirical model of movement of sixgill sharks. To accomplish this, we adopted the approach of Turchin (1998) , and determined if a correlated random walk (CRW) model adequately described the daily movement of sixgill sharks. In cases when the CRW model failed, we determined the suite of behaviors the CRW must have missed (e.g., the presence of a home range) and modified the model such that it simulated patterns of daily movement. We then asked if daily-scale movement behavior explained larger-scale (months) patterns of movement? When the model failed, we again determined what unobserved behavior must have occurred (e.g., seasonal shifts in distribution) in order to generate an empirical model of shark movement.
Materials and Methods

Shark tagging and tracking
Sixgill sharks were tagged with acoustic transmitters using two methods. First, acoustic transmitters were affixed to a Floy® VM69 stainless-steel dart external tag using heat-shrink tubing. Seven sixgills were tagged at a bait station underneath the Seattle Aquarium in March and May 2005. SCUBA divers used a pole spear to implant the dart into the dorsal musculature just anterior of the dorsal fin. Secondly, we collected sixgills using standard longline fishing operations between November 2005 and August 2007 as described by Williams and colleagues (2010) at three locations within Puget Sound (Fig. 1) . We implanted one Vemco ® V16P coded acoustic transmitter with pressure sensor and one V16 continuous transmitter into the peritoneal cavity via a 3-cm wide incision along the midline at the anterior end of the pelvic fins. After the incision was sutured, sharks were returned to the water (time out of water for each shark ranged between 5-10 minutes). The coded transmitters emit a train of "pings" at 69 kHz randomly every 40-114 seconds that contains a specific ID code allowing users to identify individuals. Most of the coded transmitters had a life span of 1429 days. The continuous transmitters emit a signal every two seconds at a specific frequency ranging between 51-84 kHz and had a life span of 401 days. The continuous transmitters were used to facilitate active tracking, while the coded transmitters provided depth information and were detected by passive acoustic receivers (listening at 69 kHz) deployed throughout Puget Sound.
Daily movement
Active tracking During the summer and autumn of 2006 and 2007, and a few other opportunistic times (Table 1), we used Vemco© VR100 and VR28 acoustic receivers to collect GPS-based positions of tagged sixgills while following individuals for 24-hour periods. The VR100 hydrophone was deployed 1 m below the water's surface, while the VR28 hydrophone was towed simultaneously behind a slow-moving 21' boat using a haired-fairing cable at a depth of ~5 meters. The detection ability of each receiver varied with weather and site conditions, but average max range of detection was 300 -500 m (K. Andrews, unpublished data). Most tracking events occurred in Elliott Bay or on the south end of Bainbridge Island (Table 1 ; Fig. 1 ) in central Puget Sound. We used data from individual paths of sharks in analyses if we had a minimum of 5 hours of tracking in both day and night hours, which resulted in using 21 tracks from 13 different sharks. Tracking efforts typically began at ca. 0800 hrs. For each shark track, we reduced the data to a single GPS-position every 30-minutes, thus reducing autocorrelation of the data (Turchin, 1998) as sharks were detected nearly every minute.
Development of a daily-scale movement model We first tested the hypothesis that movement of sixgill sharks follows a correlated random walk (CRW) by constructing an empirical-based model that was spatially constrained to the waters of Puget Sound. Random walk theory provides a powerful approach for analyzing movement paths, and as the basis for what has become the standard paradigm for describing animal movement (Turchin, 1998; Bartumeus, 2009 ), CRW models have been applied to a wide range of species (Bartumeus et al., 2005) . CRW is the simplest random walk formulation and thus we began here. CRW models combine a normal distribution of move lengths with a non-uniform distribution of turn angles. Typically, turn angles are concentrated around 0° or 180°, indicating positive or negative autocorrelation in move direction (Turchin, 1998) . Following Turchin (1998), we used move characteristics to estimate random walk parameters, and then to predict a path-level feature-net squared displacement (described below).We focused on summertime movements and used data from 21 paths of 13 sharks that were observed during active tracking (Table 1) . Using the position of each shark every 30 minutes, we calculated the distance (move length) and turn angle between each location using Hawth's Tools in ArcMap ver. 9.0 as well as the speed (km/hr) of the shark between locations. As predicted by CRW theory, turn angles were concentrated around 0° or 180°; and, a runs test (Zar, 1999) applied to the sequence of right and left turns (Turchin, 1998) indicated that there was not directional autocorrelation (P > 0.05). In order to quantify the observed displacement of each individual, we calculated net squared displacement ('displacement' hereafter; Turchin, 1998) at each 30-minute time step:
where 2 n R is net squared displacement, n is the move number, m 2 is the mean squared move length, m 1 is the mean move length, and ϕ is the average cosine of the turning angle. We then asked if the observed displacement differed from what we would expect given a CRW. We began by testing for a difference between the observed and expected net squared displacement for each movement trajectory using the R diff statistic developed by Nams and Bourgeois (2004) as follows:
where 2 n R is the mean net squared displacement for each number of n consecutive moves, and E(R 2 n ) is the expected net squared displacement based on a CRW. We calculated p values for R diff using Fractal 5.20 software (V.O. Nams, Nova Scotia Agricultural College, Nova Scotia, Canada).
We next used the 21 observed shark paths to derive distributions of move lengths and turn angles. We simulated movement by initiating paths from the starting locations of the observed paths ( Fig. 1) and then simulating moves every 30 minutes for 24 hours (i.e., 48 moves per day). At each move, we randomly selected a move length and turn angle from the observed distribution of each variable.
We used a bootstrapping procedure suggested by Turchin (1998) to determine if observed shark movement differed from the CRW movement path we simulated. Briefly, we repeated the process described above to simulate 10,000 individual paths, and then calculated net squared displacement following Equation 1 at each time step for each simulated path. These values were then averaged across simulations to produce an average 'simulated displacement'. To obtain 95% confidence intervals, we threw away the smallest 2.5% and the largest 2.5% of the values. We can then ask move by move if observed movement is within the confidence interval for each move.
Our results (see Results section below) revealed that the CRW did not adequately capture shark movements because sharks occupied small home ranges (see also Andrews et al. 2007 Andrews et al. , 2010 and showed a distinct diel change in behavior in which sharks moved into shallower waters closer to the shoreline (see also Andrews et al., 2009) . We thus developed a biased random walk (BRW) model that allowed us to more fully capture shark behavior. Our BRW model allowed individuals to disperse randomly during daylight hours and was simply a CRW. However, at night (after hour 12 in our simulations), the distribution of available turn angles were biased such that there was an increased probability of individuals moving toward their starting locations and was based on the distance between the current location of the shark and its starting point. We operationalized this constraint as follows: if an individual was farther away from the starting point than a given radius (distance criterion), then movement parameters were chosen from the observed distributions until the new location was closer to the starting point than the previous one; otherwise, the simple CRW was employed. In order to determine the most appropriate distance criterion, we compared the sum of absolute differences between observed and simulated displacements as we increased the distance criterion from 0 to 1000 m (Hilborn and Mangel, 1997) . We then used the distance criterion that minimized the absolute differences in the final BRW.
Seasonal movement
Passive monitoring In order to determine whether daily-scale movement behavior could predict seasonal-scale movement patterns, we deployed an array of 20 fixed automated acoustic receivers (Vemco© VR2) on navigational buoys or markers in the main basin of Puget Sound (Fig. 1) . These receivers continuously "listened" for Vemco acoustic transmitters throughout the duration of this study. The average radius of detection of receivers was 479 meters (Andrews et al., 2007) . These 20 sites formed the backbone of our passive acoustic monitoring; however, there were several other research groups in Puget Sound using the same equipment, and we received data from over 100 receivers that detected sixgill sharks from November 2005 -December 2007 .
Development of a seasonal-scale movement model To evaluate if daily behavior could predict seasonalscale patterns, we ran our biased random walk model for 150 days, and then compared simulated displacements to the observed displacements detected by passive receivers. To estimate displacement from our passive array, we used positional data for individuals if the shark was detected at a site at least 10 times on the same date. This criterion eliminated potential false detections. All data were subsequently reduced to unique date/site combinations, such that a shark was either present or absent at a site for each date. Displacement of individuals was estimated as:
where n is the move number (each day was a new time-step) and m 2 is the mean squared distance (Turchin, 1998) . Displacements using VR2 data were calculated at daily intervals beginning with detections received within the first two weeks of May. As in the development of the daily model, the BRW did not predict seasonal-scale movement patterns (see Results section below), so we modified the model by adding two additional movement components (Turchin, 1998) . First, we recognized that our daily active tracking data could have missed rare, large movements, and thus we modified the model to accommodate this possibility. Consequently, simulated movement became a combination of both observed and unobserved behavior. Unobserved moves were based on parameters drawn from uniform distributions with turn angles unbounded. Move lengths were based on maximum speeds that ranged from 5 to 12.5 km/hr. This range of speeds was based on our calculations of the straight-line distance between detections on acoustic receivers divided by the time it took to make this move for all sixgills. This resulted in a distribution of rates of movement with a maximum > 6 km/hr (Fig. 2) . Because sharks are unlikely to move in a straight line between receivers, these estimates are conservative, and sixgills most likely have maximum swimming speeds greater than these calculations. Efforts to calculate rates of movement using tail-beat frequency (Lowe et al., 1998) and speed-sensing transmitters (Gruber et al., 1988) have shown that calculations measured from active tracks underestimate actual swimming speeds by a factor of ~2. Our distribution of swim speeds comes from measurements between passive receivers, which are less accurate and likely more conservative than measurements based on smaller-scale active tracks. Thus, the maximum swimming speed of sixgill sharks may be more than twice as fast as measured from passive receivers, but these speeds are likely maintained for very short periods. Therefore, we limited maximum swim speed of sixgills to 12.5 km/hr; approximately twice the maximum calculated from passive receivers. This value is well within maximum swimming speeds for other shark species.
Fig. 2 Rates of movement for sixgill sharks as calculated by straight-line distances between detections on VR2 acoustic receivers
We then systematically varied the maximum speed (5, 7.5, 10, & 12.5 km/hr) and the percentage of time (0, 2.5, 5, 7.5, 10, & 12.5%) that individuals performed these unobserved large movement behaviors. We compared the sum of the absolute differences between observed and simulated displacements, and used the combination of maximum swimming speed and percentage of time that minimized the absolute differences (Hilborn and Mangel, 1997) .
Secondly, we observed a seasonal component to shark movement (see Results; Andrews et al., 2010) , and thus we incorporated a decision rule that biased individuals back toward their starting locations in autumn (after 75 days). The rule simply checked every eight hours to ensure that an individual was closer to the starting point than the previous location.
Results
Relocation and basic movement of sixgills
In general, sixgill sharks were easily re-located within Elliott Bay and near Bainbridge Island. We re-located at least 1 shark in 24 of 27 (89%) active tracking sessions.
During successful active tracking sessions, sixgills moved relatively little over 24 hours (Fig. 1) . On average, sixgills covered the same total linear distance per hour of tracking at both locations (Table 1 ; mean ± SD: 0.38 ± 0.23 km/hr and 0.40 ± 0.15 km/hr at Bainbridge and Elliott Bay, respectively). Sixgills in Elliott Bay consistently navigated along the shorelines of downtown Seattle, avoiding areas in the middle of the bay (Fig. 1B) .
Daily movement model
Sixgill shark movement differed significantly from a CRW. Of the individual movement paths we analyzed, the net squared displacement was significantly less than expected under a CRW ( Table 2 ). The observed movement of sixgills was well described by a CRW for the first 12 hours of observation (Fig. 3) . Because tracking Under the null hypothesis of a CRW, R diff is 0. Negative R diff values indicate that the net squared displacement was less than expected under CRW. Each row represents one movement trajectory with a minimum of 5 hours of tracking in both day and night time hours.
Fig. 3 Mean net squared displacement for observed and simulated individuals with 95% confidence intervals for simulated paths
Each move number represents one 30-minute period.
began at ca. 0800 and most tracking was conducted in the summer, 12 hours post-tracking corresponded approximately to dusk. After 12 hours, our CRW greatly overestimated displacement, with few of the observed displacements falling within the 95% confidence interval during this period (Fig. 3) . The pattern of reduced displacement in the observed movement indicates that a behavioral shift occurred around dusk so that turn angles were not random. Instead, turn angles were biased such that sharks moved back toward their starting points. We thus created a biased random walk version of our model by adding a directional constraint to the second 12 hours of the simulation. As described in the Methods, we added a distance criterion to the model. Our analysis revealed that a value of 400 m minimized the differences between observed and simulated displacements (Fig. 4) . Thus, if an individual was > 400 meters away from its starting location after twelve hours, the model would continue to randomly select a move length and turn angle until the shark's new position was closer to its starting location than its previous position.
The simulation resulting from the BRW model performed well (Fig. 5) . For the entire 24-hour duration, the observed displacement falls within the 95% confidence intervals of the model. Overall, our simulation accurately modeled increasing displacement during the first 12 hours of the simulation followed by a return to its starting point (i.e., a reduction in displacement) after dusk, during the second 12 hours (Fig. 5) . 
Seasonal-scale movement model
When we ran our daily BRW model of shark movement for 150 days, it greatly underestimated seasonal-scale movement revealed by observations from our array of passive acoustic receivers (Fig. 6) . Thus, sharks must exhibit behavior (i.e., longer, faster directed movements) not detected by our daily active tracking data. In addition, the observed displacements, in combination with our previous work reveal that individuals tended to return to starting locations in late summer (around day 75−85 in our simulations). Indeed nonlinear regression showed that displacements tended to increase until day 80, and subsequently displacements decreased (t 147 = −6.135, P < 0.0001, r 2 = 0.270; y = −30904x 2 +5000000x + 20000000). Observed displacements are calculated from VR2 data at daily intervals with starting locations occurring in early May.
We next modified our daily BRW model to accommodate unobserved behavior as well as seasonal distribution shifts. We ran simulations in which we assumed unobserved movement occurred at different frequencies and that sharks moved at different speeds. Our analysis revealed that a combination of a maximum speed of 12.5 km/hr for 2.5% of a shark's moves minimized the difference between observed and simulated displacement (Fig. 7) , and thus we used these parameter estimates in subsequent versions of the model.
We next included a seasonal movement rule that biased moves of sharks such that they moved back toward their starting position after 75 days. This incarnation of the model captured the observed pattern of increasing Fig. 7 The sum of absolute differences between observed and simulated displacements for multi-day movement as maximum speed and percent of unobserved moves vary displacement in the summer followed by decreased displacement in fall (Fig. 8) . However, there was a great deal of variability in observed summer displacements, with rare, anomalously large or small displacements not fully captured by our model. The movement model did a good job at capturing the autumnal return of sharks to their starting points (Fig. 8) .
Discussion
Ecologists working on a number of species in a variety of systems have realized that movement is a critical, but poorly understood aspect of the ecology of populations (Hulme, 2005; Chetkiewicz et al., 2006; Moffitt et al., 2009 ). For species that may be vulnerable to spatially heterogeneous human pressures, such as fishing or pollution, understanding movement is essential for understanding 1) the level of threat a particular human activity poses, and 2) the potential efficacy of proposed solutions. In this paper, we investigated the movement ecology of an at-risk apex predator, and by melding daily-scale active tracking with seasonal-scale passive monitoring, we were able to develop an empiricallybased model of sixgill shark movement that adequately described shark movement over a 150-day period. Our work revealed that diel changes in behavior resulted in restricted movement on a daily basis. Additionally, extrapolation of daily movement behavior over several months failed to predict seasonal-scale patterns. This failure ostensibly arises from a seasonal shift in distribution (see also Andrews et al., 2010) , and the presence of rare, long moves that were unobserved in our daily tracking.
Our approach for building our multi-scale model followed the philosophy espoused by Turchin (1998) . Our goal was to predict the spatial pattern of individuals based on knowledge of patterns of movement. We began with a simple correlated random walk as a means to connect daily-scale movement processes to pattern. When we confronted this model with data, we saw that the model failed, and then we used our empirical observations to modify the model and estimate parameters for the revised model (a biased random walk). Secondly, we attempted to use the daily-scale model to predict something novel-movement patterns over 150 days. Again, the model failed to fully explain our observations, and we designed an alternative that more fully incorporated data generated from passive monitoring. The approach we employed is circular and does not constitute a rigorous test of the model. Rather, the process of model development and empirical testing is a departure from traditional hypothesis testing (Underwood, 1997) . Indeed, the model itself can be considered a hypothesis that should be subjected to rigorous examination. Importantly, the proximate mechanisms underlying the movement behavior captured by our model are unknown, and also constitute hypotheses in need of examination. Further, exploration of the cues sharks respond to, their responses to prey, their habitat preferences, and their reaction to conspecifics would certainly improve the behavioral underpinnings of the model. For example, close inspection of our daily-move model reveals that observed movement early in the day tended to be underestimated by the model (although the results are within the confidence intervals for the model). Thus, there is a suggestion of some directionality in movement that is worthy of further examination.
Standard random walk models are appropriate for reproducing movement trajectories with only implicit links between the trajectory and underlying behavior (Bartumeus, 2009) . Bartumeus (2009) describes a framework for extending standard random walks to bridge the gap between statistical descriptions of movement paths and behavioral ecology. Models that incorporate mixtures of random walks (multiple random walk, MRW, models) are a step in this direction. In MRWs, different behavioral modes are modeled with distinct random walk parameters. For instance, Morales and colleagues (2004) developed a multiple random walk model for elk that included two behavioral modes, encamped and exploratory. Our approach for sixgill sharks is a form of MRW in that model parameters (i.e., probability of turn angles) differed between day and night behavioral states. Thus, while MRW models are typically used in situations where the spatial environment (e.g., habitat) modifies movement behavior, we employed the approach in a case where the environment changed temporally.
Like standard random walk models, however, MRW fails to illuminate the underlying behavior responsible for the observed movement paths. Rather, MRW simply accounts for the presence of different behavioral modes. Consequently, Bartumeus (2009) argues for the need of intermittent random walk (IRW) models. Kramer and McLaughlin (2001) define intermittent movement as locomotion that occurs when the force an animal produces to generate movement is applied discontinuously resulting in pauses in motion for terrestrial species or variable speeds in animals moving through air or water. Such intermittent behavior is widespread and occurs in a diversity of species and in a variety of situations (Kramer and McLaughlin, 2001 and references therein). Thus, some animals may discretize their movement behavior in response to environmental cues, and the approaches used for statistically describing such behavior differs from standard random walk approaches (Bartumeus, 2009; Reynolds, 2010) . In particular, intermittent movement trajectories are commonly modeled with Lévy walks (Reynolds and Frye, 2007) , which then form the modeling framework for IRW models. Future work investigating sixgill movement behavior using an IRW framework may prove to be a useful way to begin to understand the behavioral mechanisms that control the statistical features of sixgill movement trajectories.
Restricted movement has been observed in a number of shark species (e.g., McKibben and Nelson, 1986; Gruber et al., 1988; Klimley et al., 1988; Klimley et al., 2001; Sundstrom et al., 2001; Papastamatiou et al., 2009) , and thus there is an expectation that movement of many shark species should deviate from a random walk (Nams, 2006) . Our result showing deviation from CRW on a daily basis is consistent with this expectation. In addition to restricted home ranges, movement of sharks may deviate from CRW for a number of reasons. For instance, Heithaus et al. (2002) and Papastamatiou et al. (2009) show that habitat preferences result in deviation from CRW for tiger Galeocerdo cavier and blacktip reef Carcharhinus melanopterus sharks, respectively.
Patchy prey resources may also generate movement behavior that deviates from CRW. For instance, Sims et al. (2006) show how patchy plankton resources produces foraging behavior in basking sharks Cetorhinus maximus that differed from that produced by random walk simulations. Indeed, Humphries and colleagues (2010) revealed the general importance of prey concentration and patchiness for shark (and other predatory fish) movement. Their work shows that random walk movement is associated with sharks that occurred in produc-tive, prey-rich environments. In contrast, when sharks were found in habitats with low prey concentrations, they exhibited Lévy walks (i.e., many small moves connected by longer relocations). Thus, IRW models may be required to fully describe movement of sharks that cross habitats of varying productivity.
Our limited knowledge of sixgill shark diet makes it difficult to determine the degree to which their movement behavior might be influenced by patchy prey resources. While behavior of sixgill sharks may be influenced by the distribution of their prey (Andrews et al., 2009; 2010) , their broad diet and propensity for scavenging (Ebert, 1986; 1994) may make Lévy walks less prominent than in sharks that focus on plankton, fish or mammal prey. Even so, our observations suggest that sixgill sharks may occasionally shift their behavior in a manner that is consistent with Lévy walks. Determining whether or not sixgills undergo Lévy walks, and if so, the proximate causes for the behavior, will require additional work to adequately capture rare relocations of sharks.
Empirical movement models of the sort we developed here can provide important insights for conservation and management. Puget Sound, for instance, has been negatively affected by numerous human activities, and understanding the scope and relative importance of the various threats for sharks will be critical to their management. Population or ecosystem models are often used to evaluate management strategies (e.g., Kaplan et al., in press ), but these models often fail to adequately account for movement. This failure will be most acute when movement is limited and human threats are spatially heterogeneous. For example, sixgill fishing in Puget Sound is largely a recreational activity that appears to be centered at two fishing piers in the Puget Sound region (G. Bargmann, Washington Department of Fish and Wildlife, personal communication). Thus, understanding how sharks use these areas will be critical in developing appropriate management action. Similarly, population growth in Puget Sound and the resulting residential, commercial and industrial development has altered nutrient and water fluxes in spatially explicit ways (Pearson et al., 2010 1 ). Sixgills clearly use urbanized, polluted waters ( Fig. 1B ; Andrews et al., 2010; Williams et al., 2010) and accumulate toxins (G. Ylitalo, Northwest Fisheries Science Center, unpublished data). Understanding patterns of exposure and the potential for different management schemes to reduce the threat of pollution for shark populations requires models that can adequately describe patterns of movement and habitat use.
Management of sixgill sharks (like many exploited fishes) is currently based more on expert opinion than actual data (cf. Ruckelshaus et al., 2002; Mangel and Levin, 2005) . Expediency often dictates that we rely on expert opinion over data; however, this approach clearly can lead to major blunders in resource management (Zabel et al., 2003) . By improving our understanding of the movement behavior of sixgill sharks, this work is a step towards improving management outcomes for this species. The explicit integration of behavioral and population ecology is a rare, but critical step in the management of numerically rare but ecologically important predators.
